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Abstract

As Large Language Models (LLMs) continue to advance,
they exhibit certain cognitive patterns similar to those of hu-
mans that are not directly specified in training data. This study
investigates this phenomenon by focusing on temporal cogni-
tion in LLMs. Leveraging the similarity judgment task, we
find that larger models spontaneously establish a subjective
temporal reference point and adhere to the Weber-Fechner
law, whereby the perceived distance logarithmically com-
presses as years recede from this reference point. To uncover
the mechanisms behind this behavior, we conducted multiple
analyses across neuronal, representational, and informational
levels. We first identify a set of temporal-preferential neurons
and find that this group exhibits minimal activation at the sub-
jective reference point and implements a logarithmic coding
scheme convergently found in biological systems. Probing
representations of years reveals a hierarchical construction
process, where years evolve from basic numerical values in
shallow layers to abstract temporal orientation in deep layers.
Finally, using pre-trained embedding models, we found that
the training corpus itself possesses an inherent, non-linear
temporal structure, which provides the raw material for the
model’s internal construction. In discussion, we propose an
experientialist perspective for understanding these findings,
where the LLMSs’ cognition is viewed as a subjective con-
struction of the external world by its internal representational
system. This nuanced perspective implies the potential emer-
gence of alien cognitive frameworks that humans cannot in-
tuitively predict, pointing toward a direction for Al alignment
that focuses on guiding internal constructions.

Code — https://github.com/Al45Lab/TheOtherMind
Extended version — www.arxiv.org/abs/2507.15851

Introduction

Large Language Models (LLMs) have demonstrated re-
markable capabilities in natural language processing and
generation, such as comprehension (He et al. 2024; Han
et al. 2024), reasoning (Wei et al. 2022b; Yang et al. 2022),
and reflecting (Chen et al. 2025; Li et al. 2025). Beyond the
explicit training objectives, LLMs intriguingly exhibit var-
ious human-like cognitive patterns, from prior beliefs (Zhu
and Griffiths 2024) and concept representations (Xu et al.

Copyright © 2026, Association for the Advancement of Artificial
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Figure 1: An experientialist perspective of LLMs human-
like cognition as a subjective construction of shared external
world by convergent internal representational system

2025) to context processing (Mischler et al. 2024) and think-
ing patterns (Liu et al. 2024). These convergences not only
sparked intense debate on how to interpret LLMs’ behaviors
but also raised serious concerns about their predictability,
controllability, and long-term alignment as their autonomy
continues to advance (Bengio et al. 2025b; Hinton 2024).
Aiming to understand how LLMs embody human-like
cognitive patterns, this study specifically investigates LLMs’
temporal cognition, a cornerstone of human experience that
shapes memory, expectation, causality, and consciousness
(Dennett 1993; Pearl and Mackenzie 2018). We employ the
similarity judgment task from cognitive science, examining
mental representation of concepts (Tenenbaum and Griffiths
2001). This task has been applied to study LLMs’ numer-
ical cognition (Marjieh et al. 2025), indicating that LLMs
demonstrate a logarithmic mapping, where higher numbers
are perceived as closer than lower numbers with identical
absolute distance, aligned with human psychophysics, i.e.,
the Weber-Fechner law (Dehaene 2003; Fechner 1948).
Applying this task to the domain of temporal cognition,
we find that when comparing the pair-wise similarities be-
tween years from 1525 to 2524, larger models spontaneously
establish a subjective temporal reference point (ca. 2025)
and their perception of time logarithmically compresses as
years recede from this point (Weber-Fechner law), indicat-
ing a preliminary sign of temporal orientation (Maglio and
Trope 2019). To uncover the underlying mechanisms, we



present a multi-level analysis, revealing that this temporal
cognition pattern is not a superficial mimicry but emerges
at the neuronal, representational, and informational levels.
We identify a subgroup of temporal-preferential neurons and
find that this group exhibits minimal activation at the sub-
jective reference point, implementing a logarithmic coding
scheme convergently found in biological systems (Laughlin
1981). Probing representations of years reveals a hierarchi-
cal construction process, where years evolve from basic nu-
merical values in shallow layers to abstract temporal orien-
tation in deep layers. Using pre-trained embedding models,
we found that the training corpus itself possesses an inher-
ent, non-linear temporal structure, which provides the raw
material for the model’s internal construction.

Based on these findings, we propose an experientialist
perspective: LLMs’ cognition is a subjective construction
of the external world, shaped by its internal representa-
tional system and data experience. This process of internal
construction could sometimes produce outcomes convergent
with human cognition due to similar neural coding, repre-
sentational structure, and information exposures. However,
the profound disparities between humans and LLMs mean
that it may also lead to the development of powerful yet
alien cognitive frameworks that we cannot intuitively under-
stand. This possibility underscores the critical need for an
alignment paradigm focused on understanding and steering
the model’s internal world-building process, moving beyond
the mere observation and control of extrinsic behaviors.

Related Works

LLMs increasingly exhibit multiple emergent abilities —
abilities not present in smaller models (Wei et al. 2022a;
Berti, Giorgi, and Kasneci 2025) — such as in-context learn-
ing (Hahn and Goyal 2023), complex reasoning (Wei et al.
2022b), multi-step planning (Valmeekam et al. 2023), and
function calling (Qin et al. 2024), dramatically improv-
ing their problem-solving performances. More intriguingly,
LLMs also display behavioral patterns that resemble those
of humans, including realistic dialogue (Jones and Bergen
2025), human-like biases in decision-making (Itzhak et al.
2024; Binz and Schulz 2023; Su, Lang, and Chen 2023; Suri
et al. 2024), theory of mind (Strachan et al. 2024), spon-
taneous cooperation (Wu et al. 2024), and creativity (Tang
and Kejriwal 2024). These behavioral convergences moti-
vate further studies of underlying mechanisms among both
the AI and cognitive science fields, leading to a cognitive
science paradigm for LLMs’ interpretability. It aims to un-
derstand the LLMs utilizing well-developed tasks, methods,
and theories from cognitive science (Ku et al. 2025), on
the basis that AI models and human brains are both repre-
sentational systems structured on complex neural networks
(McCulloch and Pitts 1943; Rosenblatt 1958) that process
information in similar ways (Mischler et al. 2024; Gold-
stein et al. 2020, 2023; Piantadosi et al. 2024). Combin-
ing technologies like linear probes (Alain and Bengio 2016)
and sparse autoencoder (Huben et al. 2023), studies have
provided insights into mechanisms underlying LLMs cog-
nition, such as numerical cognition in similarity judgment
task (Marjieh et al. 2025), error-driven learning in two-step
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task (Demircan et al. 2024), and so on. This paradigm repre-
sents a promising direction for human-centered mechanistic
interpretability, allowing us to understand LLMs in estab-
lished methodologies (Lindsey et al. 2025); improving Al
safety by probing and preventing potential malicious behav-
iors (Zou et al. 2023); and eliciting philosophical and ethical
considerations as these models exhibit more complex cogni-
tive phenomena (Chalmers 2023; Seth 2024).

Methods
Similarity Judgment Task

Task Designation We evaluate the models’ temporal cog-
nition using the similarity judgment task, as detailed in
the Extended Version. For each pair of years, models are
prompted to rate their similarity on a scale from 0 (com-
pletely dissimilar) to 1 (most similar). Data points from 1525
to 2524 are compared pair-wise, resulting in one million
similarity values sy for each task. We also conduct con-
trol experiments by replacing “year” with “number” in the
prompt, considering that a given year (e.g., 1874) can also be
represented as numbers, which might denote distinct cogni-
tive mechanisms. For further analysis, the similarity value
is converted to a distance value dijpy = 1 — spim. The
decoding temperature is set to zero to ensure determinis-
tic outputs. Our experiment involves 12 models including
two closed-source models (Gemini-2.0-flash and GPT-40)
and two open-source model families’ instruct models with
varying sizes, Qwen2.5 (1.5B, 3B, 7B, 14B, 32B, and 72B)
and Llama 3 (3.2-1B, 3.2-3B, 3.1-8B, and 3.1-70B).

Metrics Marjieh et al. (2025) suggest that the integer num-
ber is represented in two basic forms within LLMs, i.e., as
a number and as a string. Correspondingly, the distance be-
tween two data points can be described as (1) the psycho-
logical Log-Linear distance:

dlog(iaj) = \log(z) - 10g(])|

This distance reflects the aforementioned Weber-Fechner
law, where stronger stimuli are perceived with less fidelity;
and (2) Levenshtein distance:

. . . . k() S .
diey(7,7) = mink : i — j

This distance measures the minimal operation steps required
to convert one string ¢ to another string j through insertion,
deletion, or substitution (Levenshtein et al. 1966). Besides,
we assume that the representation of time-related stimuli is
influenced by the current time point, serving as a reference.
Therefore, we designed a Reference-Log-Linear distance:

dret (i, ) = |log(| R — i) o log(|R — j|)|

R is the model’s subjective reference point, e.g., 2025. The
operator o equals subtraction when both ¢ and j are on the
same side of R, and addition when they are on opposite
sides. If the Weber-Fechner law applies to LLMs’ tempo-
ral cognition, data points larger or smaller than the reference
point will be processed with less fidelity. Because LLMs’
representation of a year is a complex mixture of temporal,
numerical, semantic, and other properties, optimizing the R
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Figure 2: Pair-wise similarities from year 1525 to year 2524 across 12 models with varying sizes

as a free parameter generally leads to uninterpretable results
due to inseparable confounding signals. Therefore, we fixed
R as 2025 to ensure fair cross-model comparison. We then
perform the linear regression analysis to assess how well
each theoretical distance predicts the model’s judgments:

diim = o * dipeory + 5 + €

We compare the goodness-of-fit using the coefficient of de-
termination R2. Given the above limitations, we additionally
estimate the temporal reference points of the models using
a diagonal sliding window method (window size = 5). This
non-parametric approach identifies the region of maximum
perceptual differentiation by finding the area of minimum
average similarity on the matrix diagonal. Following the
Weber-Fechner law, this region of highest sensitivity should
be located near the model’s subjective present.

Neural Coding

At the neuronal level, we employed two standardized input
formats for each value from 1525 to 2524: the temporal con-
dition used “Year: x-x-x-x"” while the numerical control con-
dition used “Number: x-x-x-x". For each input, we extracted
neuron activations at the last token position from the Feed-
Forward Networks (FFN) across all layers. Let a}™ (y;) and
a;"™(y;) denote the activations of neuron ¢ for year y; un-
der temporal and numerical conditions, respectively, where
j € {1525,1526,...,2524}. Neurons specifically involved
in temporal information processing are identified via the fol-
lowing filtering process. First, we calculated Cohen’s d to
quantify effect size:

@; temp __ @;m

d; =
Spooled
where Spooled 1S the pooled standardized deviation across two
conditions. The statistical significance was assessed using
paired t-tests:
Aa;
sAai/ \/ﬁ

t; =
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where Aa; and sa,, are the mean and standard devia-
tion of the activation differences, respectively. Benjamini-
Hochberg False Discovery rate (FDR) was applied to correct
the obtained p-values (Benjamini and Hochberg 1995). We
also computed the temporal preference consistency as the
proportion of values showing positive temporal bias:

1 n
Consistency, = - Z{l X [Aa;(y;) > 0]}

j=1

We classify a neuron ¢ as temporal-preferential if it meets
three criteria: Effect Size: A large activation difference (Co-
hen’s d; > 2.0); Statistical Significance: A strong preference
for the temporal condition over the numerical one (FDR-
corrected p < 0.0001 via paired t-test); and Consistency:
A consistent preference across most years (Consistency, >
0.95). Following neuron identification, we visualized the av-
erage activations of the top 1000 temporal-preferential neu-
rons with the largest effect sizes across different years to as-
sess whether their response patterns conform to logarithmic
encoding principles observed in biological neural systems
(Laughlin 1981), which form the neural basis of the Weber-
Fechner law. We also performed the layer-wise analysis of
identified neurons by fitting their activations with:

Intensity, = o *10g(|2025 — z|) + 8+ ¢

The goodness of fit was evaluated using R?.

Representational Structure

At the representational level, we analyzed how temporal
information is encoded across layers. We collected resid-
ual representations h(7) for each layer j at the last to-
ken position during the similarity judgment task, where the
model was prompted to rate the similarity of year pairs. To
manage the dataset size, we only measured non-symmetric
pairs, resulting in approximately 500,000 pairs for analysis.
For larger models (Qwen2.5-32B-Instruct, Qwen2.5-72B-
Instruct, and Llama-3.1-70B-Instruct), to maintain computa-



tional tractability, we sampled representations from approx-
imately 25 layers distributed proportionally across the net-
work’s depth. This ensures representative coverage of early,
middle, and late processing stages. For the collected repre-
sentations from each layer j, we then trained linear probes
implementing an affine transformation:

f(h(j)) =w-hY) +p

The goal of these probes was to predict the three theoreti-
cal distance measures (diog, diey, and dpr) directly from the
hidden states. Probes were trained on a layer-by-layer basis
using a mean squared error loss with the Adam optimizer
(learning rate = le-4). We assessed the probe performance
for each layer by calculating the adjusted R2. This allowed
us to track how well each theoretical distance could be lin-
early decoded from the representations as information pro-
gresses through the model.

Information Exposure

To investigate whether the temporal similarity patterns ob-
served in LLMs benefit from existing information struc-
tures in training data, we analyze the semantic distribu-
tion of years using independent pre-trained embedding mod-
els. We extract semantic vector representations for years
with the unified format “Year: x-x-x-x" using three out-
performed embedding models: Qwen3-Embedding-8B, text-
embedding-3-large, and Gemini-embedding-001 (Qwen-
Team 2025; OpenAl 2024; Lee et al. 2025; Muennighoff
et al. 2022). We construct the semantic similarity matrix
Ssemantic DY computing pair-wise cosine similarities:
Ssemamic(iaj) = COS(Via Vj)

where v; and v; represent embedding vectors for years ¢
and j respectively. Multidimensional Scaling (MDS) is ap-
plied to visualize year distributions in the semantic space of
the training data (Shepard 1980; Davison and Sireci 2000),
which seeks to find a low-dimensional embedding Y =
{y1,Y2,...,yn} that preserves pair-wise distances by mini-
mizing the stress function:

Stress — \/Zi<j(dij - ||y; —y;l)?
i< j dij
where d;; represents the dissimilarity between years ¢ and j
derived from their cosine similarity d; ; = 1 — Ssemantic (2, 7).
and |ly; — ;|| is the Euclidean distance in the embedded
space. Additionally, we perform linear regression analysis
between semantic distances and three theoretical distance
measures, using R? as the evaluation metric.

Results
Similarity Judgment Task

We collected the year-to-year and number-to-number sim-
ilarities from 12 models. Figure 2 shows the year-to-year
similarity matrices of two closed-source models and ten
open-source instruct-models. As models scale up, an inter-
esting similarity pattern emerges: aligned with the Weber-
Fechner law, years with a larger magnitude relative to a cer-
tain time (visually around 2025) are perceived as closer. We
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Figure 3: Distribution of temporal-preferential neurons
across all layers among 10 open-sourced models

also implemented control tasks using numbers instead of
years as detailed in the Extended Version. The log-linear
distance was the best metric for predicting most models’
judgment during the number-to-number similarity judgment
task, aligned with the existing study of LLMs’ numerical
cognition (Marjieh et al. 2025). When prompted to judge
the similarity between years rather than numbers, the Lev-
enshtein and reference-log-linear distances showed increas-
ing predictive power compared to the log-linear distance.
And the reference-log-linear distance achieved the highest
R? in most models. This suggests that larger models not only
spontaneously use certain time as their reference point in the
similarity judgment task but also demonstrate a subjective
representation of physical stimuli analogous to that of hu-
mans. Additionally, models tend to attribute higher similar-
ity to future years compared to past years. The results of the
diagonal sliding window method are shown in the Extended
Version. Relatively clear reference time emerged in Llama-
3.1-70B-Instruct (2010), Gemini-2.0-flash (2011), GPT-40
(2024), Qwen2.5-14B-Instruct (2012), and Qwen2.5-72B-
Instruct (2020). While this analysis provides non-parametric
evidence that some models’ reference points are located in
the recent present, these specific year estimations are also
influenced by other confounding factors. Therefore, we ad-
here to the reference point of 2025 to maintain consistency
of subsequent cross-model analyses.

Neural Coding Mechanism

To investigate how the subjective reference time point and
Weber-Fechner law emerge in LLMs’ temporal cognition,
we first analyzed how neurons in LLMs’ FFN encode spe-
cific years. Following the statistical filtering process, we ex-
amined the prevalence and architectural distribution of the
identified temporal-preferential neurons across all 10 open-
source models. As visualized in Figure 3, these specialized
neurons represent a small fraction of the total FFN, with
the proportion typically ranging from 0.67% to 1.71%. And
the temporal-preferential neurons are concentrated in the
middle-to-late stages of the neural network, suggesting that
temporal representation is a high-level abstract feature.



Qwen2.5-1.5B-Instruct Llama-3.2-1B-Instruct

o S f Y
vy ~[‘f¢;’
i

o
Ay b MWJ !“h\‘ M‘ \M‘ MW‘\* “
|

ST i

Qwen2.5-7B-Instruct

\ /‘)"Vw

' “‘\H

w «‘p' N
i

ey | W 'r

1600 1800 2000 2200 2400
Year

Past

Mean Activations

0 6 0 6
log(2025-year) log(year-2025)

Llama-3.2-3B-Instruct
.VI;W""""}""\\M‘\'p,“\‘

[|
“vhﬁ"m("'v ‘V.w‘wun‘w,\,(

Lk

Qwen2.5-14B-Instruct

vl Wt
\AKWIAW“"M‘: ! \ M” fl‘ ‘i’ Y f\‘y‘}'"ﬂ‘v“,

Llama-3.1-8B-Instruct

i ﬂ\ﬂ; i

Llama-3.1-70B-Instruct
Ty 7»'\

)

‘ WWJJ‘" \’v,

ikl .W‘"V"‘L“. |

A

Qwen2.5-32B-Instruct
o

Qwen2.5-72B-Instruct

“ | n«\«‘w w} “L

#WMA\\‘M‘,N‘\ I'f | '“

Figure 4: Upper: mean activations of top 1000 temporal preferential neurons to one thousand years from 1525 to 2524 and
layer-wise linear regression results; Bottom: single layer with the highest coefficient of determination R? in regression for
logarithmic encoding scheme. Full illustration is provided in the Extension Version.

We first examined the collective activation patterns of
temporal-preferential neurons. We identified the top 1000
neurons with the largest effect sizes (Cohen’s d) and com-
puted their mean activation for each year across our test
range (1525-2524). As shown in Figure 4, in several mod-
els, the mean activation curve forms a distinct trough, bot-
toming out at a particular year. Flanking this minimum, the
mean activation level rises as the years recede into the past
or advance into the future. This phenomenon is more pro-
nounced in larger models, such as Llama-3.1-70B-Instruct
and Qwen2.5-72B-Instruct, where the pattern sharpens into
a logarithmic-like compression. To further dissect this neural
mechanism, we performed the layer-wise regression analy-
sis on the activations of temporal-preferential neurons. Us-
ing a fixed reference point of 2025, we regressed the acti-
vations against the logarithmic distance to this point, ana-
lyzing past and future years separately. The bottom panels
for each model in Figure 4 display the results from the sin-
gle layer with the highest coefficient of determination R2,
illustrating the relationship for the past (gray) and future
(orange). Neurons across all models exhibit this logarithmic
encoding scheme to some extent. Overall, the precision of
this encoding strengthens with the model scale. In Qwen2.5-
72B-Instruct, the neurons in layer 71 demonstrate a strong fit
for past years, achieving an R? of 0.756. Moreover, we ob-
served a distinct asymmetry in the neural coding of the past
versus the future. This divergence in neuronal response pat-
terns likely contributes to the behavioral asymmetry seen in
the similarity judgment task (Figure 2), where models tend
to assign higher similarity to pairs of future years.

Representational Structure

Observing how FFN neurons encode single years, we fur-
ther analyzed the representations of three theoretical dis-
tances within the hidden states of each model layer using lin-
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ear probes during the similarity judgment task. The perfor-
mance of these probes, measured by the coefficient of deter-
mination R, is shown in Figure 5, illustrating the dynamic
evolution of year representations from early to late layers
across different models. The Llama series demonstrates a
pattern where smaller models (Llama-3.2-1B and -3B) pri-
marily encode the log-linear distance djo, while larger mod-
els (Llama-3.1-8B and -70B) show an increase in the R?
scores for the reference-log-linear distance (df), reaching
comparable values with log-linear distance in the final lay-
ers. In contrast, the Qwen series models exhibit a different
pattern. The R? for dyo, rises in the early layers, followed
by an increase in the R? for d,f in the middle layers, which
eventually peaks in the later layers. A distinct characteristic
of the Qwen series is the suppression of the d,,, representa-
tion in the final layers; as the R2 for dyef peaks, the score for
diog sharply declines. Furthermore, the Levenshtein distance
dyey is also important in the later layers of larger models (e.g.,
Llama-3.1-70B-Instruct and Qwen2.5-72B-Instruct).

These observations not only confirm the existence of dif-
ferent dimensional representations of years within the mod-
els but also reveal how these representations dynamically
evolve with network depth. Overall, we observe a hierarchi-
cal construction process from concrete to abstract: models
first encode the numerical properties of years (dj,,) in early
layers and subsequently develop a more complex temporal
representation centered on a reference time (d.r) in deeper
layers. Within this fundamental construction process, the
representational mechanism varies across models. In models
such as the Llama series, the effectiveness of the d,.s repre-
sentation catches up to that of the dy,, in later layers, with
both representations coexisting at a comparable strength in
the end. In the Qwen series models, however, we observe
a further phenomenon: the emergence of the d,s representa-
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outperformed embedding models

tion is accompanied by a significant suppression of the foun-
dational dje, representation.

Information Exposure

To investigate whether the inherent information structures
within the training data contribute to the temporal cognitive
patterns observed in LLMs, we analyzed the semantic dis-
tribution of years using three independent pre-trained em-
bedding models (Qwen3-embedding-8B, text-embedding-3-
large, and Gemini-embedding-001) to extract semantic vec-
tor representations for each year from 1525 to 2524. Fig-
ure 6 shows the pair-wise cosine similarity matrices of the
year vectors, along with their corresponding visualizations
after dimensionality reduction using MDS. The visualiza-
tion reveals a non-linear temporal structure, characterized by
dense clustering of years in the distant past and future. Fur-
thermore, we observe that the similarity among future years
is notably high. This is likely due to the lower information
richness for future years in the pre-training corpora; with
fewer distinct, documented events, future years are repre-
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sented with more semantic overlap. This pre-existing struc-
tural bias in the data might offer raw materials for the be-
havioral tendency observed in our similarity judgment task,
where models consistently assigned higher similarity scores
to pairs of future years. In the Extended Version, we provide
the coefficient of determination R? of linear regressions be-
tween the semantic distances and three theoretical distances.
The quantitative results suggest that the model’s exposure to
pre-existing informational structure within its training data
contributes to the emergence of human-like temporal cogni-
tion in LLMs as well.

Discussion

Key Findings Through similarity judgment task, we
found that LLMs demonstrate human-like temporal cogni-
tion as they scale in size. Results across models show that
larger models not only spontaneously establish a subjec-
tive temporal reference point but also that their perception
of temporal distance adheres to the Weber-Fechner law. We
investigate the underlying mechanisms across multiple lev-
els. On the neuronal level, we identified a subpopulation
of temporal-preferential neurons that respond specifically to
temporal information. The activation intensity of these neu-
rons shows a correlation with the logarithmic distance from
a given year to the subjective reference point, providing a
neural encoding basis for the Weber-Fechner law similar to
human brain neurons (Dehaene 2003; Laughlin 1981). This
finding reveals that a logarithmic compression could be a
convergent solution for representing information in both bi-
ological and artificial neural networks. On the representa-
tional level, a layer-by-layer analysis of the model’s hidden
states reveals that the representation of the distance between
two years undergoes a hierarchical construction process, re-
flecting from primarily numerical attributes in the shallow
layers to a more abstract structure organized around the tem-
poral reference point in the late layers. This developmen-
tal trajectory becomes more pronounced in larger models,
suggesting that deeper architectures facilitate more sophis-
ticated temporal cognition. Finally, we examined LLMs’
training environment by analyzing the semantic structure re-



flected in independent pre-trained embedding models. We
found a correspondence between the temporal cognitive pat-
terns exhibited by the models at the behavioral level and
the inherent semantic structure within human language data.
This structural correspondence suggests that exposures to
pre-existing informational structure within its training data
also contribute to the emergence of human-like temporal
cognition observed in LLMs. Collectively, these findings
demonstrate that the resultant cognitive phenomena are co-
determined by the architectural properties of the artificial
neural network and the structure of its external information
exposure. This study focuses on the years, to avoid the pe-
riodic and time-sensitive variability introduced by temporal
formats like dates or times, and exploring these additional
forms in the future may reveal further insights.

Theoretical Hypotheses Our experiments suggest that
LLMs’ temporal cognition is formed through a multi-level
convergence with humans from architectural properties of
representational systems to the structure of environments
they encounter. These findings align with contemporary in-
sights from cognitive science and experientialist philoso-
phy — cognitive patterns emerge as irreducible phenom-
ena where representational systems actively construct sub-
jective models of the external world they are situated in
(Parr, Pezzulo, and Friston 2022; Li and Li 2025; Lakoff
and Johnson 2008; Clark 1998). This experientialist per-
spective emphasizes that cognition cannot be fully explained
by examining architecture or information in isolation, but
instead arises from their dynamic interplay. Under the ex-
perientialist framework, we can develop a more nuanced
understanding of LLMs that avoids both unwarranted dis-
missal and excessive anthropomorphization. On one hand,
dismissing LLMs as mere reorganizations of training data
(Shojaee et al. 2025) underestimates their emergent ca-
pabilities and risks. On the other hand, fundamental dif-
ferences persist between artificial and human cognition at
both architectural and environmental levels. Architecturally,
human brains operate on principles of sparse activation
(Field 1994), small-world network connectivity (Bullmore
and Sporns 2009), and noisy analog signaling (Faisal, Se-
len, and Wolpert 2008)—contrasting sharply with Trans-
formers’ dense, deterministic, digital computation. Repre-
sentationally, LLMs favor aggressive statistical compres-
sion while humans prioritize adaptive nuance and contextual
richness (Shani et al. 2025). Environmentally, human experi-
ence is continuous, multi-modal, and embodied, grounded in
real-time interaction with physical and social worlds, while
LLMs’ experience consists of static, disembodied immer-
sion in a finite text corpus, a snapshot of human-produced
information. In the Extended Version, we provide a more
detailed comparison between human and LLLMs across these
levels. The experientialist framework cautions us to resist
over-anthropomorphizing these systems while also recog-
nizing their genuine capabilities. More critically, we should
remain vigilant for novel cognitive patterns that arise pre-
cisely from these fundamental differences. The most signifi-
cant risk may not be that LLMs become too human-like, but
that they develop powerful yet fundamentally alien cognitive
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patterns that we cannot intuitively anticipate.

Implications Our work establishes an experientialist per-
spective of LLMs’ cognition, offering implications for Al
alignment. The former perspective, viewing LLMs as pow-
erful statistical engines, focuses on external constraints and
behavioral control, such as reinforcement learning from hu-
man feedback (Ouyang et al. 2022), constitutional Al (Bai
et al. 2022), various reward models (Zhong et al. 2025), red
teaming (Ganguli et al. 2022), and prompt engineering (Guo
et al. 2024) etc. As LLMs continue scaling up to develop
more sophisticated capabilities, intentions, and behaviors,
this paradigm is increasingly insufficient to guarantee en-
sured alignment (Greenblatt et al. 2024; Kuo et al. 2025).
In contrast, the experientialist viewpoint demonstrated here
suggests that robust alignment requires engaging directly
with the formative process by which a model’s represen-
tational system constructs a subjective world model of the
external environment. The goal of such an experientialist
paradigm is not simply to police the behavior of Al models,
but to guide the development of Al systems whose emergent
cognitive patterns are inherently aligned with human values.
That is, not to make Al safe, but to make safe Al. It would
require organically considering the entire pipeline through
multi-level efforts such as monitoring models’ emergent rep-
resentational and cognitive patterns, enabling understanding
and intervention across the chain of its cognition from neu-
rons and representations to thoughts and outputs (Lindsey
etal. 2025), building harmless or formalized verifiable infor-
mation exposures to curate the AI’s environment (Dalrymple
et al. 2024; Bengio et al. 2025a) and so on.

Conclusion

Through the similarity judgment task, this study showcases
that when processing temporal information, larger models
do not merely perform statistical computations but exhibit
cognitive patterns highly similar to those of humans, ad-
hering to the Weber-Fechner law and spontaneously es-
tablishing a subjective temporal reference point. We argue
that this phenomenon is not a simple surface-level imitation
but a profound manifestation of a multi-level convergence
with human cognition. Specifically, at the neuronal level,
temporal-preferential neurons exhibit an efficient logarith-
mical coding scheme that coincides with biological neural
systems; at the representational level, the model undergoes
a hierarchical construction process from concrete numeri-
cal values to abstract temporal concepts; at the information
exposure level, the model internalizes the pattern from the
inherent non-linear temporal structure of the training data
itself. These findings collectively point to an experientialist
perspective for understanding LLMs, wherein its cognition
is a subjective construction of the external world by its in-
ternal representational system. From this standpoint, the pri-
mary risk is not that LLMs become imperfect replicas of the
human mind, but that they develop powerful, alien cognitive
frameworks we cannot predict. Consequently, Al alignment
must evolve beyond behavioral control to a paradigm that
actively guides the formation of a model’s internal world
from its source.
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